Introduction 4 7
Understanding species distributions, and the environmental factors that influence occurrence is 4 8 fundamental to ecology. Our knowledge of many well-studied topics in ecology, including niche 1 0 1
In the analyses and discussion below we focus on a simple site occupancy model, formulated in a 1 0 2 hierarchical Bayesian framework, which takes the following form, Typically, researchers are interested in investigating hypotheses of whether 1 1 0 environmental covariates influence species occurrence. In this case, the above model can be 1 1 1 extended to include covariates on the occupancy process, which is most often specified as a logit 1 1 2 regression model as,
where ߰ is the site-specific probability of occupancy, which is influenced by a matrix of are restricted between 0 and 1, and projects them to values on the real number line, making 1 1 7 estimation easier due to the lack of numerical boundaries. To recover occupancy probabilities, 1 1 8
we use the inverse-logit of the linear combination of the intercept and covariates (i.e., logit -
). We note that other link functions are available for this model, such as the 1 2 0 probit or complementary log-log link, but in our experience, these link functions are rarely used 1 2 1 in the ecological literature. The issue of normally distributed priors in occupancy modeling 1 2 4
The convention in Bayesian regression models is to specify normally distributed (i.e., Gaussian 1 2 5 distribution) priors for the intercept (ߙ) and coefficients (ࢼ), with a mean of 0 and some standard conducting regression analyses, researchers typically specify these priors with a large standard modeling has a potentially pernicious outcome. The issue is that the logit transformation is non-
linear such that as values become more negative or more positive, the transformed probability 1 3 6
values approach zero and one, respectively (Fig. S1 ). This nonlinearity in the transformation 1 3 7 leads to some priors that are intended to be "uninformative" becoming informative on the 1 3 8 probability scale and strongly bimodal with large values of σ ( Fig. 1 and Fig. S2 ). It is a 1 3 9
mathematical truism that a normally distributed prior is not invariant to this transformation-
however, we believe that the consequences for modeling occupancy (as well as any logistic convergence and a sufficiently large number of samples, the discrepancy between the posterior 1 6 7 mode (i.e., most probable value) and the MLE is a consequence of the assumed prior. We note 1 6 8 that our focus is different than many simulation studies, where the aim is to evaluate the 1 6 9 discrepancies between estimated and true parameter values. Here, we are strictly interested in 1 7 0 unintended consequences of prior specifications and its influence on parametric inference. We further illustrate this issue by fitting occupancy models to empirical point count data Coast Range, USA, four times between 1990 and 1992. We fit the basic occupancy model with Uniform(0,1)), and a normally distributed prior on the intercept and coefficients of occupancy the field of ecology. We further eliminated any articles that focused on the development and 1 9 0 refinement of methods for fitting occupancy. We reviewed a random sample of 25 of the 1 9 1 remaining articles, attempting to identify the priors specified. For the simulated datasets, when the prior standard deviation was small (i.e. σ < 2) the posterior 1 9 5 mode was always smaller than the MLE (Fig. 2) , as these priors pulled the posterior towards a was close to the MLE, but the proximity was influenced by the number of surveyed sites (Fig. 3) . the other close to 1 (Fig. 2) . Importantly, having a large number of sampled sites only buffered In our empirical analysis, there were clear effects of the prior for the gray jay and effects of the prior on the posterior (Table S1 ). For the jays, estimates approaching the MLE 2 1 5 could only be obtained by fine-tuning the prior iteratively (results not shown here). Thus, for 2 1 6 these datasets, there are very few specifications of the prior distribution that will not impact the 2 1 7 posterior distribution and thus our inference on occupancy. Further, many more MCMC 2 1 8
iterations were needed to achieve convergence for the gray jay model fit with values of σ 2 greater 2 1 9 than 10, likely due to bimodality similar to that seen in the analysis of simulated datasets (Fig.   2 2 0 S3). In addition to causing issues with convergence, the gray jay results also highlight how these the MARK analysis) did not overlap 0 except in the Bayesian analysis when σ 2 was set to 1000 2 2 7 (Table S1 ). Thus, we would draw very different conclusions about the influence of mature forest 2 2 8 on this species depending only on the specification of the prior. We note here that the low 2 2 9 detection probability for gray jays and Steller's jays could be a result of a lack of closure (i.e. 2 3 0 that they were not always available for detection during a survey); however occupancy models 2 3 1 are routinely fit to datasets with similar violations of assumptions (see Rota et al. 2009 for a 2 3 2 discussion), and with even lower detection probabilities, and thus we believe this example is still 2 3 3
illustrative of the issues that can arise from using a prior that is assumed to be non-informative. The use of priors that could lead to inferential issues such as those outlined above was reported using priors on ߙ , above, that were incidentally informative on the probability scale. How informative these priors were varied, with some researchers using only moderately 2 3 9 informative priors (e.g., uniform distribution between -8 and 8), and others using highly 2 4 0 informative priors (e.g., Normal with a variance of >1 000 000). Further, 3 of the articles did not 2 4 1 report their priors or described them only as uninformative. Only 2 articles used priors that were 2 4 2 likely to be uninformative, based on our results above. We note, that some researchers did report 2 4 3
conducting sensitivity analyses to their priors. The results that we present above, combined with the apparent prevalence of this issue in the density towards zero and one, which eventually begins to accumulate near these values. Note that 4 5 6 y-axes differ substantially among the panels. 
Figure legends

